The use of passive 118-GHz C Q observations of rain cells for precipitation cell-top altitude estimation is demonstrated using a multilayer feedforward neural network retrieval system. Data was derived from a collection of 118-GHz rain cell observations along with estimates of the cell-top altitude obtained by optical stereoscopy. The observations were made using the millimeterwave temperature sounder (MTS) scanning spectrometer aboard the NASA ER-2 research aircraft during the Genesis of Atlantic Lows Experiment (GALE) and the Cooperative Huntsville Meteorological Experiment (COHMEX), 1986. The neural network estimator applied to MTS spectral differences between clouds and nearby clear air yielded an RMS discrepancy of 1.77 km for a combined cumulus, mature and dissipating cell set and 1.50 km for the cumulus-only set. A slight improvement in RMS discrepancy to 1.48 km was achieved by including additional MTS information on the absolute atmospheric temperature profile. Comparison of these results with a nonlinear statistical estimator shows that superior results can be obtained with the neural network retrieval system. The neural network estimator was then used to create imagery of cell-top altitudes estimated from 118-GHz CAMEX spectral imagery gathered from September through October, 1993.
INTRODUCTION
Cloud and precipitation properties can be remotely sensed from brightness temperature measurements made at millimeter wavelengths. For example, as shown by Gasiewski et al. (1990) , frequencies within 2.5-GHz of the 118.750-GHz 02 line can support retrievals of precipitation parameters, in particular, cell-top altitude. In addition, it has been shown that cloud top altitude is statistically related to rainfall rate, although the relationship is strongly influenced by climatological region (Adler and Mack, 1984; Gagin et al., 1985) . The estimation of rainfall rate through the estimation of cloud top altitude would provide a means for monitoring the hydrologic cycle over inaccessible regions as well as providing advanced warning of inclement weather. This paper evaluates retrievals of cell-top altitude using multilayer, feedforward neural networks using high-resolution, passive 118-GHz multichannel precipitation cell imagery. The high performance of these networks as function approximators has been shown in the literature (Lippmann, 1987; Hornick et al., 1989) . The images were produced by the MTS instrument aboard the NASA ER-2 aircraft during the Genesis of Atlantic Lows Experiment (GALE) and the Cooperative Huntsville Meteorological Experiment (COHMEX). A thorough description of the instrument, aircraft flights, and data calibration was given in Gasiewski (1990) .
To develop the cell-top altitude retrieval system a collection of 279 independent near-nadir brightness temperature spectra of precipitation cell cores was compiled. The collection consisted of 19 spectra from MTS observations during GALE and 260 spectra from observations during COHMEX. These observations represent precipitation observed during seven winter and fourteen summer aircraft flights. The observed precipitation cells were located in the southeastern United States, with most of the cells located over the Huntsville, Alabama area. The altitude of each cell-top was estimated by stereoscopy, using MTS video images (VHS color images through a *-degree wide-angle lens) and the known altitude and speed of the aircraft. The estimated cell-top altitude has associated rms errors of -1 km due to uncertainty in aircraft speed (*lo%), aircraft altitude (ItWOm), and time of passage of a particular feature of a cell-top through the video field of view (rt2 sec).
In addition to the collection of brightness temperature spectra and cell-top altitudes, cells used in this retrieval were classified as one of two types. Cells that appeared to be in their early stages of convection were designated "cumulus-type", while those exhibiting anvils were designated "mature-type". The cells were visually classified using the MTS video imagery.
The spectrum for a precipitating cell is denoted by a vector of brightness temperature observations; 
\
where the subscripts indicate the channel center and sideband frequencies (GHz) for the MTS, arranged in order of decreasing opacity. For each rain cell spectrum a corresponding clear-air reference spectrum (TBr) was estimated from MTS observations in the vicinity of the cell. A delta brightness spectra (ATB) was determined as the difference between the cell spectra and clear-air reference spectra; ATB = TB -TBr Delta brightness spectra were used in the retrieval system rather than the absolute brightness spectra to help avoid the effects of unrelated fluctuations in the ambient atmospheric temperature profile.
An additional parameter is the logarithm of cell size. The size of each cell was taken to be the distance along the aircraft flight track over which the MTS transparent channel brightness perturbation decreased to half its maximum value. For elongated rain cells, the geometric mean of the major and minor horizontal dimensions was used. As shown in Gasiewski (1989) . the logarithm of cell size is linearly related to the cell top altitude.
11.

NEURAL NETWORK RETRIEVAL SYSTEM
The networks used in the cell-top altitude retrieval system are multilayer, feedforward neural networks which consist of simple computational elements operating in parallel. The connections between the computational elements are strictly forward. That is, no element can provide input to itself or to any other element that affects its input signals. The computational elements, or nodes, sum N weighted inputs and pass the results through a nonlinear sigmoidal function ,tanh.
The output value of each node is computed in three steps. First, a weighted sum of the node inputs is computed, then a bias term is added, yielding s. the linear output of the node. Finally, tanh(s) is computed (except for output layer nodes, which simply outputs).
Description of Neural Network
Topology 2 hdden lavers: The mapping from delta bnghtness spectra ATB to cell-top altitude is accomplished by training a neural network with a subset of the calculated ATB and observed altitudes. Backpropagation learning rules were used to adjust the parameters of the network (the weights and biases) to minimize the mean squared error between the desired and network-calculated altitudes (Rumelhart et al., 1986) . This is done by recursiwly changing the values of the network parameters in the direction of steepest descent with respect to the error. The changes made to the parameters are in proportion to their effect on the overall netuork error. The remaining subset of ATB spectra was used to validate the networks performance.
Four types ofdatii sets were used to train the neural netnork cell-top altitude estimator. The first data set consisted of 176 ATB spectra [rom the full collection of observed cloud types (both cumulus and mature). The second data set limited the observations to only cumulus clouds. This reduced the set from 176 spectra to 84 spectra. Data set three consisted of cumulus-only data with both ATB spectra and TBr spectra as input. Data set four incorporated In(cell size) i n addition to ATg and TBr spectra as input to the estimator.
I I I . RETRIEVAL RESULTS
To determine the optimal neural network retrieval system, a number of network topologies were investigated for each data set. Networks with one and two hidden layers (layers that pass the linear output of the node through tanh) were trained with a number of different nodes in each layer, and the results were compared. It was lound that one hidden layer, with 5 nodes, was the optimal network topology for data sets one and two (ATg used as input). Table 1 summari7es results for the topology comparisons. Because the data sets available for training the networks were small, networks with two hidden layers performed well on the training set, but did not generalize well to independent validation data sets.
Training
Validation Number of Set RMS Set RMS Training Error Error Epochs Required
Data sets three (ATg, TBr) and four (ATB, TBr, In(cel1 size)), when used as input, had difficulty generalizing for all network topologies. To combat this problem, an incremental training method was developed. A network using ATg as input was initially trained using a network with one hidden layer with five nodes until the network rms error converged to a minimum. The additional inputs (ATBr, In(cel1 six)) were then added to the network, and connected to one additional hidden node. These new inputs were not connected to the original hidden nodes. Connections were made from the original ATB inputs to the new hidden node. The weights and biases associated with the initially trained network were held constant, while the backpropagation algorithm was used to train the new weights and biases. This method reduces the total number of network weights relati\ e to a fully connected network, which helps prevent overtraining.
To evaluate the performance of the neural network estimator, it was compared with 1) simple linear regression analysis and 2 ) a nonlinear statistical estimator developed by Gasiewski and Staelin (1989) . The nonlinear statistical estimator consisted of a Karhunen L d v e transformation followed by a rank reduction, a nonlinear operator, and a linear minimum mean-square-error estimator. The neural network estimator used the optimal architectures described 6 and 4 n&es 2 hidden layers: 8 and 4 nodes 2 hidden layers: Table 2 shows the resulting rms errors for the three methods. The error reported for the neural network estimator is the rms error associated with the validation set.
As illustrated by Table 2 , the neural network estimator outperforms both the linear regression and nonlinear statistical estimators by at least -7.8% for all data sets used. 
I V. CELL-TOP ALTITUDE IMAGERY
Cell-top imagery was created from the output of the neural network estimator. 118-GHz CAMEX spectral data was run through the neural network cell-top estimator and the results were plotted. The altitudes produced by the network show expected cell morphology. Figure 1 shows two samples of imagery of the retrieved cell-top altitudes. The accuracy of the images were confirmed by the h4T.S video imagery. The retrieval rms errors for this data are expected to be slightly larger than those produced from the GALE and COHMEX data. First, the network estimator was trained on nearnahral spectra, while the full range of spectra was used as input to the neural network estimator. Second, the CAMEX data was collected from a different geologic region, which would produce slightly different spectral data. However, the GALE and COHMEX 
V . CONCLUSIONS
Multilayer feedforward neural networks have proven to be a viable method for estimating precipitating cell-top altitudes from 118-GHz imagery. When compared to linear and nonlinear retrieval methods, the neural network yielded superior results. This may be attributed to the fact that the neural network is able to capture not only the nonlinear relationship between the 118-GHz brightness temperatures and cell-top altitude, but also the complex statistics of the 118-GHz data In addition, the output of the cell-top estimator can be used to produce imagery that displays cell morphology in a useful way.
